Abstract
Introduction
An Identification of image in image databases has a challenging problem despite of over three decades of research efforts. This is because the identifier must be robust to common image processing modifications such as rotation, scaling, grayscale conversion, compression, blur, and Gaussian noise. In the other requirements are that the descriptor should be compact, it should not be excessively expensive for extraction and it must allow very fast searching. Image identifiers are also known by the terms image -hashes [1] , -signatures [2] and -fingerprints [3] . In traditional method, the images in database have been queried by textual information. This is hard to achieve due to the different between meaning of the textual indexed in the database and the interpretation from the user. Several systems have been therefore proposed to overcome such problem by using contents from an image directly, e.g. texture [4, 5] , shape [8, 9] and color [10] information. Gevers et al. [10] proposed a method for combining color and shape invariant information for indexing and retrieving images. The image representations were color and shape invariant histograms which were then combined as a single feature. Image retrieval based on color invariants provides very high recognition accuracy whereas shape in variants yield poor discriminative power. There are however limited of the method proposed in [10] that it can't be used in grey-scale images. Muller et al. [9] described an image retrieval system which enables user to search a grey-scale image by presenting simple sketches. An image was represented by a Hidden Markov Model by which it has been modified in order to obtain the features invariant to rotation and scaling. They presented a good result on their own hand tool data set. Torres-Mendez et al. [7] presented a new method for object recognition under translation, rotation and scaling conditions that has been applied to character recognition. A new coding of an object was proposed which describes its topological characteristics. The algorithm was tested on character recognition in which the test images were different in 17 sizes and 14 rotations without addressing the problem of local geometrical distortion of such characters. They achieved 98% correct recognition on their own data set. In [4] presented an alternative tool for image processing, the Trace transform, which can be used to construct robust features invariant to rotation, translation and scaling. In this paper, we present a robust method for improving the performance of the traditional Trace transform. We aim at querying images under translation, rotation, scaling, local texture distortion, and local geometrical deformation (affine transformation). The organization of this paper is as follows. Section 2 introduces a method for tracing line on an image and some trace functional we used in this paper. We introduce a shape matching measure in section 3. In section 4, we present our experimental results. Finally, we conclude in section 5.
Features Extraction
In this paper, we use a trace transform technique for extracting features from clustered segments. The trace transform method can produce feature values of an input image, invariant to translation, rotation and even reflection of an input imag e. Accordingly, it is suitable to extract feature values from various shapes of facial segments, even if deformed by translation, rotation, or reflection.
Trace Transform
Let F denote an image. A method to represent the characteristics of image F decided by ) , ( ρ θ l onto the horizontal axis θ and the vertical axis ρ , is called the trace transform. The trace-line l is decided using the distance from the origin to l denoted by ρ , and the directional vector denoted by θ , as shown in Figure 2 (a). The trace-line l is represented by } sin cos :
, and a function used in the trace transform is represented as
A matrix (or image) generated by the trace transform is called trace image as shown in Figure 2 The feature values for identifying image are calculated by the combination of values in a trace image decided by the trace transform using three functions called trace function , T diametric function , P and circus function . Φ The trace function T is used to produce a trace image using an input image; the diametric function P is used to produce a diametric matrix using the trace image; the circus function Φ is used to produce the final feature values using the diametric matrix (as shown in Figure 3 ). The procedural processing steps to extract the features are show in Table 1 . Step 1: Trace function,
• Trace transform id determined by the trace function T
Step 2: Diametric function,
• The feature values are acquired by the diametric function P using the column values of the trace image.
• The diametric is generated by the diametric function P using the parameter ρ of diametric moving direction.
Step 3: Circus function,
• The final features are acquired by the circus function Φ using the diametric matrix and parameterθ .
For invariance to shift and amplitude scaling can be achieved by taking the Fourier transform of Eq. (3)
then to exploiting the linearity identify and translation property of the Fourier transform give
Taking the magnitude of
From Eq. (6) means that the original image and the modified image give equivalent descriptors except for the scaling factorκ .
A binary string is acquired by taking the sign of the difference between neighboring coefficients,
The image identifier is then made up of these values } ,..., , { 
Figure 4. The binary identifier for an image (a) and its rotated version (b). The difference between the identifiers is show in (c). The identifier is 1D but has
been mapped to 2D for presentation purposes only
Similarity Measure

The Classical Hausdorff Distance
We given two point sets A and B, the Hausdorff distance [11] between A and B is defined as
where • denotes some norm of points of A and B.
This measure indicates the degree of similarity between two point sets. It can be calculated without an explicit pairing of points in their respective data sets. The conventional Hausdorff distance, however, is not robust to the presence of noise. Dubuisson et. al. [12] have studied 24 different variations of the Hausdorff distance in the presence of noise. A modified Hausdorff distance using an average distance between the points of one set to the other set gives the best result. This measure is the most widely used in the task of object identification and defined as 
The Hausdorff-Shape Context
In this section, we propose a shape similarity measure, the "Hausdorff-Shape Context", based on the combination of the Hausdorff distance and the shape context. The Hausdorff distance measures the distance from point a to all points of set B, d(a,B) ,then, selects the one at the minimum distance among them. In this case, the candidate point marked by is selected and, then, the distance between them is used as the result. The minimum distance is therefore based only on the spatial information. This is not useful when using the Hausdorff distance in the presence of noise, when we have to deal with the broken point problem caused by segmentation and edge detection errors, etc. To the best of our knowledge, there is no work in the point matching Hausdorff distance with structural point information. We propose an alternative way to find the minimum distance between point a and set B to overcome the above problem. Instead of finding the nearest distance, in our approach, the point descriptor, shape context, is used to find the best matching between point a and set B. We, therefore, call this shape similarity measure as "Hausdorff-Shape context". 
Experimental Results
The increasing size of image databases, even for consumer applications, means that the false acceptance rate must be kept low to avoid returning large numbers of erroneous matches. To test the performance of the identifier a set of 4,000 original images are used. Each image is modified in 18 different ways to create a dataset of 4,000x19 images (=76,000). Some example image modifications are shown in Figure 8 . All results are presented in terms of the detection rate, which is defined as
where A is the total number of images and a is the number of images correctly identified as matching. In table 1 shows the detection rate results when the false positive and false negative rates are equal. 
Conclusions
We have presents a robust method for image identification with variant illumination, compression, flip, scaling, rotation and gray scale conversion. Techniques introduced in this work are composed of two stages. First, the signature of image is to be detected by the Trace Transform. Then, in the second stage, the Hausdorff distance and Modified Shape Context are employed to measure and determine of similarity between models and test images. From the experimental result of 76,000 images, the average of accuracy rate is higher than 83%. 6. Acknowledgement
